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Abstract 

 

Protein domain prediction for 

protein tertiary structure prediction 

 

 

  Kyuhong Choe 

Interdisciplinary Program in Bioinformatics 

The Graduate School 

Seoul National University 

 

Protein structure prediction results provide important biological information 

such as structural, functional analysis of proteins and protein design. Protein 

structure prediction methods can be divided into two categories. First, ab 

initio modeling methods predict structure based on physical principles. 

Second, Template-based modeling methods predict structures by selecting 

template structures from the database of known experimental structures. This 

can lead to more accurate predictions. 

Protein domain information further improves the predictive power of 

template-based modeling. This is because protein domain information 

improves the fold recognition step, one of the main parts of template-based 
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modeling, which in turn determines the quality of final predicted protein 

structure. However, they do not account for the fact that some multi-domain 

proteins have related proteins with experimental structures of multiple 

domains resolved together in the structure database. The goal of GalaxyDom 

is to assign modeling units such that the maximal information can be extracted 

from the structure database for structure prediction of each unit, allowing 

prediction of domain-domain interactions as well as individual domain 

structures when reliable templates are available in the database.  

Our method uses HHsearch as the fold recognition tool. We use 

CASP domain definition in order to evaluate the true protein domain 

boundary. The CASP domain definition is determined by the CASP assessor 

and the true domain boundary is ± 10 residues. Also, the protein domain 

predictions of GalaxyDom find better templates than other domain prediction 

tools’ results. The better the method is at predicting reliable modeling unit 

regions, the better the ability of template-based modeling to find better 

template proteins. 

 

Keywords: Protein structure prediction, Protein domain, Template-based 

protein modeling, Modeling unit detection 

Student Number: 2013-23009 

  



iii 

 

CONTENTS 

 

 

Abstract ··········································································· i 

Contents ········································································· iii 

List of Figures ··································································· v 

List of Tables ··································································· vi 

 

 

1. Introduction ································································· 1 

1.1.  Structure and Function: Why do we need protein structure? · 1 

1.2.  Protein structure prediction overcomes the limitation of 

experimental methods ··············································· 3 

1.3.  Protein domain prediction improves ability of fold 

recognition and Modeling unit detection ························· 7 

1.4.  Outline of this thesis ·············································· 10 

2. Methods ··································································· 11 

2.1.  Overall procedure of GalaxyDom-PDB and GalaxyDom-

PDB/SCOP ·························································· 11 

2.2.  Selection of PDB and SCOP templates ························ 14 

2.3.  Calculation of chunk score ······································ 15 

2.4.  Determination of modeling units ······························· 19 



iv 

 

2.5.  Comparison with other domain prediction methods ········· 24 

2.6.  Test set ····························································· 25 

3. Results and Discussion ·················································· 26 

3.1. Detection of modeling units ······································ 26 

3.2. Effect of domain prediction on template selection ············ 30 

4. Conclusions ······························································· 38 

Appendix ······································································· 39 

Bibliography ··································································· 41 

국문초록 ······································································· 45 

감사의 글 ····································································· 48 

  



v 

 

List of Figures 

 

 

Figure 1. An antibody binds to a protein from a flu virus. ··············· 2 

Figure 2. The histogram shows the different steps in X-ray 

crystallography.······················································ 4 

Figure 3. General scheme of template-based modeling. ·················· 6 

Figure 4. Flow chart of GalaxyDom. ······································ 13 

Figure 5. Calculation of neighbor alignment score. ····················· 18 

Figure 6. An example when a fixed cut-off value is problematic. ···· 21 

Figure 7. An example in which GalaxyDom-PDB/SCOP and 

GalaxyDom-PDB produce different results. ·················· 23 

Figure 8. Over-splitting by a domain parsing method. ·················· 34 

Figure 9. Effect of domain parsing on template quality.················ 35 

Figure S1. Distribution of targets according to ΔTM-score due to 

domain splitting. ··················································· 40 

 

 

 

  



vi 

 

List of tables 

 

 

Table 1. Quality of modeling units assigned by GalaxyDom, DOMpro, 

PPRODO, and ThreaDom for 187 sequences from CASP10 

and CASP11. ······················································· 29 

Table 2. Quality of templates selected for domains assigned by 

different methods. ················································· 32 

Table 3. Changes in template quality between split and un-splitting 

targets. ······························································ 37 

Table S1. Distribution of ΔTM-score due to splits in targets where the 

correct template is selected with or without splitting. ······· 39 



1 

 

1. Introduction 

 

1.1. Structure and Function: Why do we need protein 
structure? 

 

Protein structure can provide detailed information on protein’s 

biological function, because it determines how biological molecules 

recognize and respond to one another with specificity. Receptor 

proteins bind temporarily to organic molecules  known as ligands by 

weak interactions, but this complex can be stabilized only if their 

shapes are complementary (1, 2). 

Figure 1 explains how an antibody binds to a protein from a 

flu virus (2). This kind of knowledge can be used to design new 

pharmaceutical compounds (3). That is to say, structure information of 

protein provides the key evidence of biological mechanism. 
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Figure 1. An antibody binds to a protein from a flu virus. The two 

protein surfaces are exactly complementary (2). 
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1.2. Protein structure prediction overcomes the limitation 
of experimental methods 

 

As mentioned above, protein structures provide important information. 

So, many structural biologists are working hard to determine protein 

structures. However, experimental methods such as X-ray 

crystallography, NMR are expensive and time-consuming.  

Moreover, many proteins are hard to prepare for experimental 

structure determination because of crystallization (4). Figure 2 shows 

the quantitative data for bottleneck of protein structure determination. 

NMR can only determine the protein that is smaller than 300 amino 

acids (5).  

Therefore, the number of available protein sequences is much 

larger than the number of available protein structures. UniProt, a public 

database of protein, provides information of 47,262,724 protein 

sequence entries (April 29th, 2015), while PDB, a public database of 

protein structures, provides 108,395 structures (April 29th, 2015) (6, 7).  
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Figure 2. The histogram shows the different steps in X-ray 

crystallography. Each column shows the number of successes (4). 
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The importance of computational prediction of protein tertiary 

structures from amino acid sequences is ever increasing due to the large 

gap between the number of available protein sequences and that of 

experimentally resolved protein structures (8). 

Currently, template-based protein structure prediction methods 

can provide the most reliable model structures (9-12), while ab initio 

prediction methods are not as successful, although they can still 

produce reliable results for some small proteins (13, 14). In typical 

template-based modeling (TBM) methods (Figure 3), template 

selection, also called fold recognition, is a key initial step that 

influences the model accuracy greatly because the model structures are 

constructed based on the template structures (8).  
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Figure 3. General scheme of template-based modeling. In TBM 
methods, from the sequence of a target protein, fold recognition 
methods are used to select template proteins that may have similar 
structures to the target from the structure database. The target sequence 
is aligned to the template sequences. From this sequence alignment, the 
protein structure is constructed. 
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1.3. Protein domain prediction improves ability of fold 
recognition and Modeling unit detection 

 

Before template selection, the target sequence may be first divided into 

domains, and then the structure database is searched to find the proper 

templates for each domain. Performance of this domain parsing step is 

thus a critical factor that determines the performance of template 

selection (10, 15-18). 

In typical template-based modeling (TBM), template selection, 

also called fold recognition, is a key initial step that greatly impacts 

model accuracy (8). In turn, template selection is critically affected by 

domain parsing, in which the target sequence is first split into domains, 

and the structure database is then searched to find corresponding 

templates for each (10, 15-18). Many TBM strategies parse target 

sequences into biological domains that form independent folding units. 

For example, I-TASSER (18), Robetta (17), and MULTICOM (16) run 

internal algorithms designed to detect such folding units. Other TBM 

methods such as Phyre (10) and SWISS-MODEL (15) use Pfam 

domains (19). 
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It is very helpful to have model structures of biological 

domains which fold independently because they are often associated 

with their own specific functions (20). However, related structures of 

some biological domains may have been experimentally resolved 

together with other domains. If such structures can be used as templates 

for modeling multi-domain proteins, domain-domain interactions as 

well as individual domain structures can be predicted reliably, 

providing more global information on structure and function. We call 

such multi-domain regions that can be modeled together “modeling 

units”. In the community-wide blind protein structure prediction 

experiment CASP (21, 22), the predicted structures are evaluated after 

splitting them into “assessment units” (AUs) which were introduced in 

a similar spirit. CASP AUs are assigned manually by considering the 

availability of templates in the structure database and performance of 

the participating structure prediction methods (23). We therefore insist 

that GalaxyDom, a modeling unit assignment method that detects 

sequence regions by modeling which maximal structural information 

including domain orientations, can be extracted is required.  

One of the most effective TBM methods, HHpred (9), sets 

domains through an iterative search for templates, in which sequences 

that are not matched to templates in one round are used to execute new 
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round of search. In this way, HHpred maximizes the use of available 

information. However, a more comprehensive CASP-type assessment 

of domain prediction methods that utilize all available structural 

information has not been reported, and no such methods are publicly 

available as stand-alone programs.  
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1.4. Outline of this thesis 

 

In this thesis, I describe GalaxyDom, a method for assigning modeling 

units for a given protein sequence so that the maximal structural 

information can be extracted for structure prediction. It evaluates the 

quality of sequence alignments of the target sequence to multiple 

templates to fully utilize available information. It uses both global and 

local alignment information to enhance both coverage and accuracy of 

detecting regions with structural information. The parameters of 

GalaxyDom were trained to reproduce the manually determined CASP 

AUs for the 118 CASP9 (23) targets as much as possible. This method 

showed improved performance on total of 187 CASP10 (24) and 

CASP11 targets when compared with other available domain prediction 

methods such as DOMpro (25), PPRODO (26), and ThreaDom (27) in 

reproducing CASP AUs. A web server is freely available at 

http://galaxy.seoklab.org/dom 
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2. Methods 

 

2.1. Overall procedure of GalaxyDom-PDB and 
GalaxyDom-PDB/SCOP 

 

To identify parts of the target sequence that can be modeled reliably by 

template-based methods, it is necessary to obtain high-quality 

alignments to potential templates of known structure. GalaxyDom uses 

the popular fold-recognition tool HHsearch (28) to find multiple 

templates, and define modeling units. In GalaxyDom-PDB, templates 

are selected from the PDB (29) only. However, we found that multiple 

templates can also obscure domain boundaries when they are not 

similar enough to the target. We therefore combine sequence 

alignments with biological domains collected in the SCOP database 

(30). This approach is implemented in GalaxyDom-PDB/SCOP. 

Global and local sequence alignments are used in both versions 

of GalaxyDom, because global alignment extracts information with 

higher coverage, while local alignment provides more precise 

information on core domains. The “chunk score,” a measure of 

alignment quality, is determined for each residue of the target protein 
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for each set of templates derived from PDB and SCOP, resulting in a 

PDB chunk score profile and a SCOP chunk score profile, respectively. 

GalaxyDom-PDB sets domain boundaries by applying a fixed cut-off 

value to the PDB chunk score profile. On the other hand, GalaxyDom-

PDB/SCOP combines information from both chunk score profiles, as 

will be subsequently explained in detail. The algorithm is summarized 

in Figure 4. 
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Figure 4. Flow chart of GalaxyDom. Modeling units for the input 
sequence are assigned by GalaxyDom-PDB based on templates 
selected from PDB, and by GalaxyDom-PDB/SCOP based on templates 
from PDB and SCOP. 
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2.2. Selection of PDB and SCOP templates  

 

Terminal sequences tagged in SEQADV records are first trimmed off 

the target sequence to prevent artificial sequences such as poly-

histidine tags from interfering with template search (6, 31). The PDB70 

and SCOP70 databases which have the maximum mutual sequence 

identity of 70% are then searched for structures related to the target by 

using HHsearch. The search is executed once on PDB70, and iteratively 

on SCOP70 until the lengths of unaligned regions are shorter than 35 

residues. Search results are then rescored to select multiple templates, 

as in the template-based method GalaxyTBM (11), which considers 

sequence similarity score, secondary structure similarity score, and 

structural similarities among potential templates. Finally, global and 

local alignments are then used to determine modeling units. 
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2.3. Calculation of chunk score 

 

For each of the two sets of templates selected from PDB70 and 

SCOP70, the chunk score Ci is calculated to determine whether the i-th 

residue belongs to a chunk of contiguous residues for which structural 

information can be extracted. Ci is the average of the product of global 

alignment score Gj and local alignment score Lj over a window of 15 

residues from 7j i= −  to 7i + : 

 

7, 7i j j i i
C G L

− +
= .                    (1) 

 

The global alignment score Gj is the weighted sum of neighbor 

alignment score ( )
, 1
t

j jg + : 

 

( ) ( ) ( )
, 1

tN
t t t

j j j j
t

G w g gl+= ⋅ ⋅∑ ,                       (2) 
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where tN  is the number of selected templates, and ( )tw  is the weight 

for the t-th template. ( )tw  is the ratio between ( )tS , the rescore value 

for the t-th template (11), and maxS , the highest rescore value among all 

templates. The neighbor alignment score ( )
, 1
t

j jg +  is the probability that 

the consecutive residues j and 1j +  in the target sequence belong to 

the same chunk, considering the global alignment to the t-th template. 

If either of these two residues is not aligned, ( )
, 1
t

j jg +  is set to 0. If both 

residues are aligned, the term is set to ( ){ }2( )
, 11 1 30t

j jd ++ , where 

( )
, 1
t

j jd +  is the distance in sequence between the two template residues 

aligned to the target residues j and 1j + . An example of a ( )
, 1
t

j jg +  

calculation is illustrated in Figure 5. Finally, ( )t
jgl  is set to -1 if j is not 

aligned in the global alignment, but aligned in any of the local 

alignments, including suboptimal local alignments provided by 

HHsearch. Otherwise, ( )t
jgl  is set to 1. The term is included to avoid 

assigning repeat sequences as a single modeling unit. 

Finally, the local alignment score Lj is defined as 
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{ }
( )

( ) ( ) ( )
,1 1

t
t LANN

t t t
j a j a

t a
L w w l= + ⋅ ⋅∑∑ ,           (3)  

 

where ( )t
LAN  is the number of suboptimal local alignments provided by 

HHsearch for each template t, and ( )t
aw  is the weight assigned to the a-

th local alignment of the t-th template. ( )t
aw  is defined as 

( )

( ) ( )/
t

LAN
t t

a b
b

n n∑ , 

where ( )t
an  is the number of aligned residues. ( )

,
t

j al  is set to 0 if the j-th 

residue is aligned, and set to 1 otherwise.   
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Figure 5. Calculation of neighbor alignment score. The neighbor 
alignment score ( )

, 1
t

j jg +  is calculated for three neighboring residue pairs 

in this example. The neighbor alignment score for (Y, D) is 0 because D 
is not aligned. The scores for (V, S) and (K, F) depend on the sequence 
distance between the corresponding template residues, and are 
calculated following the equation described in the text. In this example, 
the distance between corresponding template residues are 1 and 3, 
respectively. 
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2.4. Determination of modeling units 

 

In GalaxyDom-PDB, modeling units are determined from the PDB 

chunk score profile, PDB
iC  as calculated using Eq. (1). The target 

sequence is first divided into multiple fragments of consecutive 

residues with PDB PDB
cutiC C≥  or PDB PDB

cutiC C< , where the cut-off value 

PDB
cutC  is set to 0.5. The cut-off value was obtained in training runs to 

maximize the number of targets for which the assigned modeling units 

agree within 10 residues to CASP AUs (32) determined for the 118 

targets from CASP9. The training set is defined in 

http://predictioncenter.org/casp9/domain_definitions.cgi. Any two high-

scoring ( PDB PDB
cutiC C≥ ) fragments separated by a low-scoring 

( PDB PDB
cutiC C< ) fragment less than 35 residues are merged to form a 

single high-scoring fragment. Short terminal fragments less than 35 

residues are also merged into neighboring high-scoring fragments if 

such fragments are at least 35 residues. Long, high-scoring fragments 

thus obtained are assigned as units that can be modeled based on a set 

of templates. The remaining fragments are considered units that should 

be modeled by template-free methods. 

A fixed cut-off value can be problematic when the chunk score 

http://predictioncenter.org/casp9/domain_definitions.cgi
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shows a large change near the correct boundary, but does not pass 

through the cut-off, as illustrated in Figure 6. To get around this issue, 

the slope of the chunk score profile, calculated by finite difference, was 

used. However, several attempts to implement this approach were not 

successful, especially when the peaks of the slope are broad near 

putative boundaries. For more sensitive detection of boundaries, the 

chunk score profile SCOP
iC  is calculated from SCOP templates, and 

additionally used in GalaxyDom-PDB/SCOP. Because chunk score 

profiles from well-defined SCOP domains tend to have sharp 

boundaries, domain boundaries can be determined more precisely.  
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Figure 6. An example where a fixed cut-off value is problematic. 
The correct boundaries cannot be detected when the chunk score (red) 
shows a large change near the desired boundary but does not actually 
pass through a fixed cut-off value. Thus, no boundaries are detected in 
this example, although there are two units, one of which can be 
modeled by TBM (right), and the other by a template-free method (left). 
Note that terminal sequences, as well as short insertions where the 
chunk score dips below the cut-off, are merged into neighboring units. 
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In GalaxyDom-PDB/SCOP, putative boundary locations are 

initially selected from a smoothed slope of the PDB chunk score 
PDB
idC , which is calculated by (1) averaging the chunk score PDB

iC  

over a 15-residue window using a triangular weighting scheme with 

maximum at mid-point, (2) taking a finite-difference derivative of the 

averaged chunk score, and (3) multiplying the derivative with a 

Gaussian function. This function has peak at the cut-off value PDB
cutdC  

and standard deviation of 0.5 to capture locations with derivatives near 

the cut-off. Regions with PDB PDB
cutidC dC>  are then selected as candidate 

boundary areas. The cut-off value PDB
cut 0.35dC =  was obtained by the 

same training method used to determine PDB
cutC . A separate set of 

candidate boundaries are selected from the SCOP chunk score profile in 

the same manner, except that SCOP
iC  is used instead of PDB

iC . The cut-

off value of SCOP
cut 0.5C =  was obtained using the same CASP9 training 

set. Finally, candidate boundaries obtained from SCOP
iC  that are within 

the candidate boundary areas obtained from PDB
idC  are set as domain 

boundaries. This approach is depicted in Figure 7. 
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Figure 7. An example in which GalaxyDom-PDB/SCOP and 
GalaxyDom-PDB produce different results. In this example, 
GalaxyDom-PDB/SCOP assigns a boundary more precisely than 
GalaxyDom-PDB by combining information from PDB and SCOP 
templates. The boundary assigned by GalaxyDom-PDB is depicted in 
(a). GalaxyDom-PDB/SCOP first selects the candidate boundary areas 
A, B, and C, shown in (b), using the smoothed slope of the PDB chunk 
score. The program then sets boundaries at the dashed vertical lines in 
(c) using the SCOP chunk score. The final boundary selected by 
GalaxyDom-PDB/SCOP is the boundary in (c) that lies within area A in 
(b). This boundary is closer to the correct boundary than that 
determined by GalaxyDom-PDB in (a). 
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2.5. Comparison with other domain prediction methods 

 

GalaxyDom was compared with DOMpro 

(http://download.igb.uci.edu/dompro1.0.tar.gz) (25), first and second 

network PPRODO (https://gene.kias.re.kr/~jlee/pprodo) (26), and 

ThreaDom 

(http://zhanglab.ccmb.med.umich.edu/ThreaDom/data/ThreaDom.tar.gz) 

(27). The LOMETS (33) program required by ThreaDom was 

downloaded from the most recent version of I-TASSER Suite ver. 2.1 

(Oct. 23, 2012) (http://zhanglab.ccmb.med.umich.edu/I-

TASSER/download/) (34). All three programs were installed on a local 

machine according to information provided for each. The machine 

learning tools DOMpro and PPRODO take ~3 min per target. 

GalaxyDom-PDB, GalaxyDom-PDB/SCOP, and ThreaDom use fold 

recognition-tools, and require ~8 min, ~15 min, and ~50 min per target, 

respectively. The benchmark tests are performed on a Linux system 

which consists of 2.0 GHz Intel Xeon E5-2620 (Sandy Bridge). 

  

http://download.igb.uci.edu/dompro1.0.tar.gz
https://gene.kias.re.kr/%7Ejlee/pprodo
http://zhanglab.ccmb.med.umich.edu/ThreaDom/data/ThreaDom.tar.gz
http://zhanglab.ccmb.med.umich.edu/I-TASSER/download/
http://zhanglab.ccmb.med.umich.edu/I-TASSER/download/
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2.6. Test set 

 

The test set is comprised of 97 targets from CASP10 and 90 proteins 

from CASP11. Of these, 54 are multi-unit according to the CASP 

criterion. To simulate a blind test as much as possible, we used only 

versions of databases that predated the release of each target protein. 

Thus, for CASP10 targets, we used the PDB70 database updated on 

May 1st, 2012, the day before CASP10 began. For CASP11 targets, we 

used the database updated each month during the period of the CASP11 

experiment (Apr 24th, May 17th, and Jun 26th, 2014). We used the 

database version immediately prior to the release of each target protein. 

For second network PPRODO, PSI-PRED v.3.21 (May, 2011) (35) was 

used. Note that DOMpro and PPRODO do not require an input 

database.  
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3. Results and Discussion 

 

3.1. Detection of modeling units 

 

Modeling units were obtained using two versions of GalaxyDom, 

GalaxyDom-PDB, and GalaxyDom-PDB/SCOP, as described in 

Methods. Results were compared with those of DOMpro (25), first 

network and second network PPRODO (26), and ThreaDom (27). 

DOMpro and PPRODO are neural network methods. DOMpro uses 

sequence profiles, predicted secondary structure, and predicted relative 

solvent accessibility. The first network PPRODO uses sequence 

profiles, while the second network version uses predicted secondary 

structure as well as sequence profiles. ThreaDom is similar to 

GalaxyDom in that it uses sequence alignments, except that these 

alignments are generated by the meta-server LOMETS that runs 

multiple fold-recognition tools (33). 

The biggest and most critical difference between GalaxyDom 

and other methods is that GalaxyDom was optimized to reproduce 

CASP assessment units (AUs) of CASP targets (118 CASP9 targets) 

(23), while the other three methods were trained to reproduce the 
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CATH domains (36). As noted, CASP AUs are set according to all 

information available, including results from domain parsers, available 

templates, and performance of participating methods (23, 24). 

Therefore, the comparisons presented here are meant to measure how 

well the methods for detecting biological domains perform in structure 

prediction. 

Table 1 summarizes the accuracy of domain prediction by 

different methods for 187 targets from CASP10 and CASP11. In this 

table, we list the number of targets for which a given method finds the 

correct or incorrect number of CASP AUs. For targets with correct 

number of units, we subdivide results into whether the correct 

boundaries were set or not. We consider domain boundaries to be 

correct if they are within 10 residues of CASP AU boundaries (32). For 

targets with incorrect number of units, we subdivide counts into 

whether the sequence was over-split into too many domains, or under-

split into too few. Note that the test set contains 54 multi-unit targets, 

results for which are indicated in parentheses. 

GalaxyDom-PDB and GalaxyDom-PDB/SCOP each predicted 

the correct number of units for 142 targets, although the latter predicted 

boundaries more precisely. In contrast, both versions of PPRODO 

tended to over-split targets, and locate boundaries incorrectly. 
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ThreaDom also tended to over-split or under-split targets compared to 

GalaxyDom, but predicted boundaries precisely when it found the 

correct number of units, failing to locate the correct boundaries in only 

four targets. Results from DOMpro are the most similar to those from 

GalaxyDom, although the method tended to over-split more, and set 

less precise boundaries. Overall, DOMpro, PPRODO, and ThreaDom 

show a tendency to over-split, as expected, because these approaches 

do not consider experimentally determined multi-domain structures.  
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Table 1. Quality of modeling units assigned by GalaxyDom, 

DOMpro, PPRODO, and ThreaDom for 187 sequences from 

CASP10 and CASP11.  

 Correct number of units 
Incorrect number of 

units 

 
Correct 

boundaries 

Incorrect 

boundaries 

Over-

splitting 

Under-

splitting 

GalaxyDom- 

PDB/SCOP 
136 (11) 6 (6) 10 (2) 35 (35) 

GalaxyDom-PDB 133 (8) 9 (9) 10 (2) 35 (35) 

DOMpro 120 (1) 16 (16) 16 (2) 35 (35) 

PPRODO (first 

network) 
86 (5) 23 (23) 52 (0) 26 (26) 

PPRODO (second 

network) 
48 (8) 28 (28) 93 (0) 18 (18) 

ThreaDom 112 (5) 4 (4) 29 (3) 42 (42) 

Boundaries within 10 residues of CASP AU boundaries are considered 
correct. Results in parentheses are for 54 multi-unit targets, which are 
also included in overall counts. 
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3.2. Effect of domain prediction on template selection  

 

To more directly assess the effect of domain prediction on the accuracy 

of structure prediction, the quality of templates selected after domain 

parsing was examined. HHsearch (28) was used to find suitable 

templates for each of the parsed domains, and the similarity of the top 

template to the experimentally determined structure was measured 

using TM-score (37). As described in Methods, templates were selected 

from the PDB prior to the release of each target. For parsed domains 

longer than the corresponding CASP AU, only the part of the template 

structure covered by the CASP AU was compared. For those shorter 

than the corresponding CASP AU, the full template structure is 

compared with the experimental structure, but the score is normalized 

to the length of the CASP AU. 

 Table 2 summarizes the quality of selected templates. In this 

table, the template is considered to have the correct fold if the TM-

score is greater than 0.5 (38). There were a total of 232 CASP AUs, of 

which 105 were from multi-unit targets. The AUs are from 175 targets 

with experimental structures released as of Dec. 25th, 2014. Of these 

targets, 48 are multi-unit. 
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 As expected, high-quality templates were obtained when CASP 

domain assignments were used as the basis for selection, with correct 

folds obtained for 149 AUs, including 54 from multi-unit targets. The 

next best results came from GalaxyDom-PDB/SCOP and GalaxyDom-

PDB. For single-unit targets with proper templates in the PDB, 

template quality was notably worse for domains parsed by DOMpro, 

PPRODO, and ThreaDom than for unsplit sequences. For multi-unit 

targets, however, template quality increased when split compared to 

unsplit sequences, regardless of the method used. These results imply 

that DOMpro, PPRODO, and ThreaDom can, on average, find better 

quality templates for multi-unit targets than for single-unit targets. 

Indeed, the tendency of these methods to over-split (Table 1) greatly 

degrades template quality for single-unit proteins. 
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Table 2. Quality of templates selected for domains assigned by 

different methods.  

 
Cases in which the TM-score between selected 

template  and experimental structure > 0.5 

 
out of 232 CASP AUs 

from all targets 

out of 105 CASP AUs 

from multi-unit 

targets 

CASP AU 149 54 

GalaxyDom- PDB/SCOP 146 52 

GalaxyDom-PDB 143 47 

DOMpro 139 45 

PPRODO (first network) 131 46 

PPRODO (second 

network) 
123 50 

ThreaDom 128 45 

Without domain splitting 140 44 
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Figure 8 illustrates an example in which over-splitting by a 

domain parsing method obscures a high-quality template that contains 

information on domain-domain interaction. This template is otherwise 

detected without splitting. On the other hand, Figure 9 shows a 

different example in which two methods split the same target differently, 

and the resulting templates are of significantly different quality. 
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Figure 8. Over-splitting by a domain parsing method. For the 
CASP11 target T0813, a template with TM-score 0.82 can be found for 
the unsplit sequence. GalaxyDom-PDB/SCOP, GalaxyDom-PDB, 
DOMpro, and first network PPRODO predicted this target to be a 
single-unit protein. On the other hand, second network PPRODO split 
this target into two units, for each of which a template can also be 
found with TM-score 0.83 and 0.79 (0.35 and 0.50 after normalization 
to the length of the full sequence). However, the orientation of the 
domains relative to each other is lost by over-splitting. ThreaDom also 
parses the target into two units, with similar result (not shown). 
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Figure 9. Effect of domain parsing on template quality. For the 
CASP10 target T0724, correct splitting by GalaxyDom-PDB/SCOP 
resulted in templates with TM-score 0.52 and 0.63. Incorrect splitting 
by DOMpro resulted in templates with TM-score 0.48 and 0.21 
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Table 3 shows a more detailed analysis of the cases in which 

template quality improves or deteriorates by domain splitting compared 

to that by no splitting. In this table, the sum of the changes in TM-score 

is reported in parentheses. For all methods including CASP AU, the 

number of AUs in which template quality improved (ΔTM-score > 0) 

by domain splitting is smaller than the number in which template 

quality deteriorated (ΔTM-score < 0). However, only CASP AU and 

GalaxyDom-PDB/SCOP resulted in a net improvement in template 

quality, as indicated by the observation that the sum of all TM-score 

changes in each method is above zero. We then examined the more 

meaningful cases, in which domain splitting crosses the boundary, set at 

TM-score 0.5, between classifying a template as having the correct fold 

or not. In these instances, a larger number of AUs improved in template 

quality, rather than deteriorated, when targets were split into domains 

by CASP AU, GalaxyDom-PDB/SCOP, and GalaxyDom-PDB. A net 

improvement in template quality was obtained for all three methods. 

Binning of these cases according to the magnitude of ΔTM-score is 

reported in Table S1 and Figure S1. 
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Table 3. Changes in template quality between split and unsplit 

targets. 

 All cases 

Cases in which domain splitting 

crosses the threshold set for 

detection of the correct fold  

 ΔTM > 0 ΔTM < 0 ΔTM > 0 ΔTM < 0 

CASP AU 50 (8.39) 55 (-4.91) 14 (5.77) 5 (-0.69) 

GalaxyDom-PDB/SCOP 20 (3.05) 23 (-2.07) 8 (2.32) 2 (-0.49) 

GalaxyDom-PDB 22 (2.48) 22 (-2.66) 5 (1.50) 2 (-0.50) 

DOMpro 18 (1.49) 22 (-4.29) 4 (0.81) 5 (-1.90) 

PPRODO (first network) 30 (3.63) 73 (-12.2) 8 (2.42) 17 (-5.27) 

PPRODO (second network) 42 (5.97) 113 (-19.2) 12 (4.36) 29 (-8.32) 

ThreaDom 11 (1.98) 41 (-11.2) 5 (1.43) 17 (-6.94) 

Data are number of cases in which template quality improves (ΔTM > 0) 
or deteriorates (ΔTM < 0) by domain splitting, with the sum of changes 
in TM-score indicated in parentheses. The last two columns contain the 
number of cases in which domain splitting crosses, either in the 
positive or negative direction, the boundary between whether the 
template contains the correct fold or not. This boundary is set at TM-
score 0.5. 
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4. Conclusions. 

 

GalaxyDom is a web server that parses an input sequence into units that 

can either be best modeled by available structural information or by 

partially ab initio modeling. GalaxyDom overcomes the tendency of 

domain prediction methods to over-split the target into independently 

folding units, which may, in reality, be modeled as a single unit based 

on available structures. GalaxyDom reproduced CASP assessment units 

well, and offers the possibility to predict not just individual domain 

structures, but also domain-domain assembly.  
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Appendix 

 

Supplementary table 

 

Table S1. Distribution of ΔTM-score due to splits in targets where 
the correct template is selected with or without splitting. 

 ΔTM > 0.1 ΔTM < 0.1 ΔTM > 0.05 ΔTM < 0.05 

CASP AU 16 (6.19) 6 (-0.98) 20 (6.50) 10 (-1.28) 

GalaxyDom-PDB/SCOP 7 (2.34) 2 (-0.49) 10 (2.57) 4 (-0.63) 

GalaxyDom-PDB 6 (1.72) 2 (-0.50) 7 (1.81) 3 (-0.57) 

DOMpro 3 (0.72) 12 (-3.64) 6 (0.96) 12 (-3.64) 

PPRODO (first network) 7 (2.35) 32 (-9.00) 10 (2.60) 39 (-9.52) 

PPRODO (second network) 12 (4.36) 58 (-15.2) 15 (4.61) 65 (-15.8) 

ThreaDom 7 (1.65) 31 (-10.7) 8 (1.74) 31 (-10.7) 

Data are number of cases in which domain splitting produces a non-
negligible change in TM-score (ΔTM-score change larger than 0.1 or 
0.05) when the correct template (TM-score > 0.5) is selected with or 
without domain splitting. Data in parentheses are sum of ΔTM-scores. 
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Supplementary figure 

 

 

Figure S1. Distribution of targets according to ΔTM-score due to 
domain splitting. 
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국문 초록 

 

단백질 3차 구조 예측을 위한 

단백질 도메인 예측 

  

 

생명체의 주요 구성 성분이자 생체기능 발현에 여러 중요한 

기능을 수행하는 단백질의 구조와 기능을 이해하기 위한 

방법으로서 단백질 구조 예측 방법이 주목을 받고 있다. 이는 

실험적으로 구조가 결정된 단백질의 수가 알려진 단백질의 

서열 수에 비해 매우 적기 때문이다. 단백질 구조 예측 방법은 

단백질 구조 데이터베이스에서 주형 (template)이 될 수 있는 

구조를 선택하여 예측하는 주형기반 모델링 (template-

based modeling, TBM) 방법과, 적당한 주형을 찾기 어려울 

경우 사용할 수 밖에 없는 원리 기반 구조 예측 방법으로 

나눌 수 있다. TBM 방법에서는 어떤 주형 단백질이 

선택되느냐가 최종 예측 구조의 정확도에 큰 영향을 주게 

되는데, 주형 탐색 전에 단백질 서열을 어떤 도메인으로 
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나누느냐가 주형 선택의 결과에 영향을 주게 된다. 만약 표적 

단백질의 일부에 대해서는 적당한 주형이 존재하고, 나머지 

부분에 대해서는 적당한 주형을 찾을 수 없는 경우 두 

도메인으로 나누어서 주형 탐색을 하는 것이 바람직하다. 또한, 

표적 단백질이 두 개 이상의 생물학적 도메인으로 

나누어지더라도, 이들 도메인 전체에 대한 실험 구조가 

존재한다면 그 전체를 주형으로 사용하는 것이 바람직하다. 이 

논문에서 소개하는 GalaxyDom은 구조 데이터베이스에 있는 

정보를 최대한 활용하여 이러한 작업을 수행하는 도베인 예측 

방법이다. 이 방법은 HHsearch 주형 탐색 프로그램으로 얻은 

서열 정렬 결과를 분석하여 바람직한 모델링 단위가 되는 

도메인을 예측한다. GalaxyDom은 기존의 다른 단백질 도메인 

예측 프로그램보다 CASP (Critical Assessment of Techniques for 

proteins Structure Prediction)에서 정의된 도메인을 더 정확히 

예측할 수 있고, 다른 프로그램들을 사용하였을 때보다 더 

정확한 구조 예측을 가능하게 하는 주형들을 찾을 수 있다. 

 

주요어: 단백질 구조 예측, 단백질 도메인, 주형기반 단백질 

모델링, 모델링 단위 예측 

학  번: 2013-23009 
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